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Multi-robot systems have recently been in the spotlight in terms of efficiency in
performing tasks. However, if there is no map in the working environment, each
robot must perform SLAM which simultaneously performs localization and map-
ping the surrounding environments. To operate the multi-robot systems efficiently,
the individual maps should be accurately merged into a collective map. If the initial
correspondences among the robots are unknown or uncertain, the map merging
task becomes challenging. This chapter presents a new approach to accurately
conducting grid map merging with the Ant Colony Optimization (ACO) which is
one of the well-known sampling-based optimization algorithms. The presented
method was tested with one of the existing grid map merging algorithms and
showed that the accuracy of grid map merging was improved by the ACO.
Keywords: Ant Colony Optimization, Intelligent Robot, Grid Map Merging, SLAM,
Multi-Robot Systems
1. Introduction
Multi-robot systems [1] have recently been in the spotlight because of the
advantage that it can perform a given task more efficiently than a single robot
system and can perform several tasks at the same time. For the design and
construction of such a multi-robot system, various algorithms which are not
required in a single robot system are required. If a multi-robot system is operated in
unknown environments, it needs to conduct multi-robot simultaneous localization
and mapping (SLAM) [2] to acquire the poses of multiple robots and a collective
map for operating the give task cooperatively without collisions. An example of a
multi-robot system for multi-robot SLAM in unknown environments is shown in
Figure 1. The cooperation module which conducts global multiple path planning,
relative robot pose estimation, and multiple map merging can be placed on the
leader robot or a central control system. The wireless router can be located in the
leader robot or another place to cover the operation area of multiple robots. The
bandwidth for the wireless communication depends on the size of the operation
area and the map representation method. To conduct SLAM, each robot needs
sensors to acquire environmental data. Based on the SLAM result, each robot can
plan a local path and move toward its own goal safely.
The most frequently used sensor for SLAM is a light detection and ranging
(LiDAR) [3] which measures ranges by targeting an object with a laser and
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measuring the time for the reflected light to return to the receiver. LiDAR can also
be used to make digital three-dimensional representations of areas on the earth’s
surface and ocean bottom, due to differences in laser return times, and by varying
laser wavelengths. Because a LiDAR can provide a lot of information about the
surrounding environment, it has been used widely for SLAM. An example of using a
LiDAR for a mobile robot is as shown in Figure 2(a). If SLAM is conducted with a
LiDAR, a map is generally represented by an occupancy grid map as shown in
Figure 2(b). The white, black and gray grids represent empty, occupied and
unknown areas, respectively. The size of grids can be adjusted according to the
resolution of the LiDAR and the memory size in the embedded system.
The key algorithm in multi-robot SLAM is the grid map merging algorithm in
the cooperation module in Figure 1 which accurately aligns and fuses the individual
Figure 1.
An example of a multi-robot system in unknown environments.
Figure 2.
Occupancy grid map built by a mobile robot with a LiDAR sensor. (a) Mobile robot with a LiDAR sensor
(b) Occupancy grid map.
2
Ant Colony Optimization
grid maps of multiple robots. Many grid map merging algorithms have been devel-
oped, and they have their own advantages over others. However, for the more
accurate grid map merging, all the algorithms need an optimization method to align
the individual grid maps more precisely. In this work, we propose a new approach
based on a sampling-based optimization method for grid map merging. The pro-
posed approach was successfully conducted with other grid map matching algo-
rithms and updated the map transformation matrix between robots more
accurately.
The remainder of this paper is organized as follows. In Section 2, multi-robot
SLAM is briefly described. In Section 3, the definition and classification of grid map
merging are described. In Section 4, the proposed approach which is a grid map
merging with ACO is presented. Section 5 shows and analyzes the experimental
results of the proposed approach. Finally, conclusions are given.
2. Multi-robot SLAM
SLAM is to concurrently conduct two processes which are called localization and
mapping, respectively. Mapping is to acquire a map of its surrounding environ-
ments to plan a path to its own goal without collisions with structures. Localization
is to estimate its own pose within the acquired map. Unfortunately, SLAM is not
easy because the two processes in SLAM depend on each other. In other words, the
localization process requires a map as a reference to estimate its own pose, and the
mapping process requires a pose which consists of location and orientation as a
reference point to represent a map. Many researches have been conducted to con-
duct SLAM efficiently, and several nice solutions have been recently proposed.
However, SLAM is still an open problem in the context of accuracy, reliability, and
computational cost.
Multi-robot SLAM is to conduct the SLAM task using multiple robots for the
sake of completing localization and mapping more efficiently. An example of
configuring a two-robot SLAM is shown in Figure 3. Each robot conducts SLAM
with its own sensors. Based on the multiple SLAM results gathered through the
communication modules, the global state has been updated.
Figure 3.
An example of configuring a two-robot SLAM.
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Due to the errors in sensors for multi-robot SLAM, the global state estimation is
generally conducted with probabilistic formulations. The estimation of the











































where xik:t is the trajectory for robot i at times k, kþ 1,⋯, t, and M is the merged
map, and uik1:t1 is the sequence of actions executed by robot i, and z
i
k:t is the
sequence of observations from robot i, and Δ21s is the relative pose between two
robots at time s . Extended Kalman filters (EKF) [4] and Rao-Blackwellized particle
filters (RBPF) [5] have been widely used as estimation methods for the probabilistic
formulation. At the beginning of the estimation, the uncertainty of the state is large.
But, as time goes, the uncertainty of the state has been gradually reduced if the
observation measurements are acquired consistently, and data association is
conducted properly. Especially, whenever loop closures [6] are conducted, the
uncertainty of the state can be significantly reduced.
3. Grid map merging
The key algorithm to ensure the performance of multi-robot SLAM with LiDAR
sensors is the grid map merging algorithm because even if the performance of the
SLAM results of individual robots are good, the performance of multi-robot SLAM
depends on the quality of the map transformation between robots. The concept of
the grid map merging in multi-robot SLAM with LiDAR sensors is shown in
Figure 4. Quantitatively, the grid map merging can be performed by acquiring a
map transformation matrix T (MTM) which consists of translation amounts and a















The concept of the grid map merging in multi-robot SLAM with LiDAR sensors.
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where Δx,Δy and Δθ are the translation amounts and a rotation angle between
robots, respectively.
The method to find the MTM can be categorized into direct map merging and
indirect map merging according to the existence of the direct sensor measurements
between robots or common objects. The direct map merging is to directly acquire
the map transformation matrix by obtaining the inter-robot measurements which
consist of relative distance and orientation between robots, which can be performed
under a rendezvous. The indirect map merging acquires the map transformation
matrix by finding and matching the overlapping areas of the individual maps of
robots, which is called map matching. The detailed categorization of them and the
brief descriptions of the previous works are summarized in [7, 8]. They have their
own advantages, but they require commonly an optimization method to update the
MTM more accurately regardless of the type of map merging.
4. Ant colony optimization for grid map merging
Given an MTM T, the objective functionΦ to evaluate how two individual maps
M1 and M2 are well overlapped for the merged map optimization can be defined as
follows:







M1 x, yð Þ  T M2 x, yð Þ½  (3)
where a1 ≤ x≤ a2 and b1 ≤ y≤ b2 are the whole ranges of the x and y coordinates
of M1 and M2. Because T includes sinusoidal functions for map rotation, the
objective function Φ has nonlinearity and thus is hard to be solved in a closed form.
Therefore, the optimization of Φ for grid map merging needs to be considered
with sampling-based optimization such as MCO (Monte-Carlo Optimization) [9],
PSO (Particle Swarm Optimization) [10] and ACO (Ant-Colony Optimization)
[11]. They require commonly much computation due to their own iterative prop-
erty. Instead, they are easy to implement regardless of the complexity or
nonlinearity of the objective function. Thus, it is a reasonable approach to apply
sampling-based optimization methods to the merged map optimization. This paper
applies the ACO to the merged map optimization because the ACO requires the
relatively smaller number of samples than the MCO and the PSO in the case of the
merged map optimization. The ACO is a probabilistic technique for solving com-
putational problems which can be reduced to finding good paths through graphs.
Artificial ants locate optimal solutions by moving through a parameter space
representing all possible solutions. Real ants lay down pheromones directing each
other to resources while exploring their environment. The simulated ants similarly
record their positions and the quality of their solutions, so that in later simulation
iterations more ants locate better solutions [12].
The ACO needs to be modified to be applied to the merged map optimization.
Because an even slight variation in the rotation angle causes a largely different map
merging result in grid map merging, the concept of pheromones in the ACO cannot
be properly applied to finding the optimal rotation angle. Therefore, each sample in
a search space consists of x and y translations except for a rotation angle. Besides,
since the search space for x and y translations may be largely different, the search
space for the ACO for grid map merging needs to be divided into two areas which
contains the possible configurations of x and y translations respectively as shown in
Figure 5.
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where τqr is the amount of pheromone deposited for transition from state q to r.
0≤ α is a parameter to control the influence of τqr, which was set to 1 in this
work. ηqr is the desirability of state transition qr, which is typically set to the
reciprocal value of the distance. 1≤ β is a parameter to control the influence of ηqr .
τqz and ηqz represent the trail level and attractiveness for the other possible state
transitions.
In the original ACO, the distance is the Euclidean distance between states. But, it
needs to be redefined for grid map merging. In other words, the distance is not the
Euclidean distance between the nodes but a new metric to evaluate how two







where qij and r
i
k are respectively the j-th and the k-th sample in the
areas for x and y translations, the new metric Ψ is defined similarly to Eq. (3) as
follows:











~M2 x, yÞð 
h (5)
where ~M2 is the transformed M2 by a direct or indirect grid map merging
algorithm. ~a1 ≤ x≤ ~a2 and ~b1 ≤ y≤ ~b2 are the whole ranges of the x and y coordinates
of M1 and ~M2 after conducting the grid map merging algorithm. In this work, since
the rotation angle is not a target of the merged map optimization with the ACO, the
rotation angle in T is set to 0.
The global pheromone is updated as follows:
Figure 5.
The modified search space for the ACO for grid map merging.
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where τqr is the amount of pheromone deposited for a state transition qr . ρ is the
pheromone evaporation coefficient. Nant is the number of ants. ∆τiqr is the amount
of pheromone deposited by the i-th ant, which was set to 1=Ψ Λið Þ.
5. Experimental results
Before applying the proposed ACO to grid map merging, the spectra-based map
merging (SMM) [13] algorithm was applied to find a coarse MTM. The SMM is a
well-known indirect grid map merging algorithm which extracts spectral informa-
tion from grid maps by the Hough transform and finds an MTM by matching the
spectral information based on the cross-correlations. The individual grid maps in a
multi-robot system were as shown in Figure 6. To reduce the computation time,
each grid map was represented by a binary image with occupied (white) and
unoccupied (black) grids.
Firstly, the rotation angle was coarsely estimated by the SMM. The Hough
spectra and the cross-correlation between them are shown in Figure 7. The SMM
estimates the rotation angle by taking the angle corresponding the maximum cross-
correlation value. After rotating one of the individual grid maps by the estimated
rotation angle, the SMM estimates the x and y translation amounts by taking the
amounts corresponding the maximum x and y cross-correlation value. The x spectra
and the x cross-correlations between them are shown in the top of Figure 8.
Similarly, the y spectra and the y cross-correlations between them are shown in the
bottom of Figure 8. The merged map by the rotation angle and the translation
amounts estimated by the SMM is shown in Figure 9. The two individual grid maps
were properly merged. But, they needs to be merged more accurately.
The proposed ACO for grid map merging was implemented based on an open
source [14]. The settings for the ACO for grid map merging were as follow. The
number of iterations was set to 50. The number of samples was set to 30. The
number of ants Nant was set to 100. The graphical results of the ACO for grid map
merging are shown in Figure 10, which indicates that the pheromones were prop-
erly updated as time goes and found the optimal configuration of x and y translation
amounts. In other word, the proposed method was successfully conducted and
found the best x and y translation amounts. By the best x and y translation amounts
and the rotation angle estimated by the SMM, the two individual grid maps were
Figure 6.
Individual grid maps in a multi-robot system. (a) Individual grid map 1,M1 (b) Individual grid map 2,M2:
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merged more accurately as shown in Figure 11. Comparing with Figure 9, we can
say that the error in the merged grid map was reduced.
The quantitative evaluation of the accuracy of grid map merging can be







‍M1 x, yð Þ  M̂2 x, yð Þ
Noverlap
(7)
whereNoverlap is the number of commonly occupied grids in the overlapped areas
when two individual grid maps are maximally overlapped, which is a global true
Figure 7.
Rotation angle estimation by the SMM.
Figure 8.
Translation amounts estimation by the SMM.
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value and not given to robots. M̂2 is the transformedM2 by the ACO. â1 ≤ x≤ â2 and
b̂1 ≤ y≤ b̂2 are the whole ranges of the x and y coordinates of M1 and M̂2.
The map merging results of the proposed grid map merging method which uses
both the SMM and the ACO was quantitatively compared with those of the only
SMM-based grid map merging as shown in Figure 12. Because the performance of
the ACO depends on the number of ants Nant, the accuracy indices of the proposed
method were analyzed with various Nant. As expected, the ACO improved the
accuracy of grid map merging with the SMM. Although the accuracy index of the
proposed method increases according to Nant, the differences were not significant.
Figure 9.
The merged map by the SMM. The map 2 (green) was transformed by the SMM, and the transformed map 2
(red) was properly merged into map 1 (blue). However, they need to be merged more accurately.
Figure 10.
ACO results for grid map merging. The red circles represent states in x and y areas. The left image represents the
whole tours at each iteration. The middle image represents the best tour (the queen). The right image represents
the pheromones along the tours.
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6. Conclusions
This chapter described how the ACO can be applied to the problem of grid map
merging and analyzed how much the ACO improves the accuracy of grid map
merging. The ACO needed to be modified to be applied to the merged map optimi-
zation. The search space for the ACO for grid map merging needs to be divided into
two areas which contains the possible configurations of x and y translations respec-
tively. The proposed method with the ACO was tested with the SMMwhich is a well-
known indirect grid map matching algorithm. The ACO improved the accuracy of the
SMM. The improved amounts increased slightly according to the number of ants in
the ACO. Consequently, the modified ACO can be successfully applied to the
problem of grid map merging and improve the accuracy of grid map merging.
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